In this paper, a method based on optimal energy management is proposed in order to improve the operational and tactical abilities of collaborative unmanned vehicle teams. Collaborative unmanned systems are used in surveillance, tracking, and military operations. The optimal assignment of these tasks requires cooperation among the vehicles in order to generate a strategy that is efficient with respect to overall mission duration and satisfies all problem constraints. The key motivation behind this paper is to design an unmanned vehicle team that mitigates the disadvantages caused by the structures and characteristics of unmanned ground vehicles (UGVs) and unmanned aerial vehicles (UAVs), which are used in these systems. The design steps of the developed system are explained in three sections in a multidisciplinary fashion.
Introduction
In recent years, at the forefront of industrial and academic work, the design and production of systems with full autonomous capabilities has been striking [1, 2] . These unmanned vehicle systems can work together in single, warm, and team configurations, and they are preferred due to their different operational capabilities [3] . In particular, propulsion systems and maneuvering capabilities determine the mechanical constraints and criteria of the vehicle, while environmental recognition and decision capabilities determine the hardware characteristics [4, 5] . These constraints and criteria allow unmanned systems to collaborate and be assigned to teams. Collaborative autonomous systems are mostly used for providing map support, continuous surveillance, border protection, traffic control, and military operations [5] [6] [7] .
Ground and aerial unmanned vehicles are better suited to a collaborative team structure than underwater vehicles by compensating for disadvantages of each other. This adaptation improves the ability of team members in terms of perception, memory, energy, and data processing [5, 8, 9] . Unmanned ground vehicles (UGVs) have high-resolution sensing, carry large volume and mass sensors, and have sufficient energy storage, while unmanned aerial vehicles (UAVs) have some limitations despite the advantages of greater maneuverability and accessibility * Correspondence: cihan.kivanc@okan.edu.tr This work is licensed under a Creative Commons Attribution 4.0 International License.
to larger areas [4, 5] . In spite of the advantages of single-use vehicles, UGVs' limited access and UAVs' limited flight times cause drawbacks in given tasks sometimes. The systems in which unmanned vehicles cooperate to achieve these constraints are used together in the literature. In [10] , the safety of a human-controlled ground vehicle convoy is provided by UAVs. In [11] , UAVs and UGVs are used together to detect moving objects in residential areas, and the algorithm removes the problem of masking the objects in front due to the obstacles in the environment. In [12] , GPS-independent unmanned systems in the United States are shown successfully with experiments in which UAVs and UGVs can cooperate together on the battlefield in cooperation with data such as autonomous navigation, joint operation state transfer, and obstacle avoidance information. In [13] , with the help of integrated stereovision on a UAV, a UGV is supported in areas out of GPS range. In such areas, the UGV can move freely over obstacles with the detection of encountered objects aided by the UAV, which has high maneuverability. In addition to cooperative work solutions, solving the disadvantages of unmanned vehicles singularly has been on the agenda of researchers both as hardware and software for a long time. The search for this solution mostly focuses on wireless charging systems, increasing the range and route planning. In [6] , a wireless charging platform based on the Q-charge principle for a UAV is proposed. However, the proposed structure in this system only has a charging and communication unit and it is in stationary state. In [14] , a genetic algorithm (GA)-based optimization is proposed for efficient energy usage and route planning from the UAV departure area. In [15] , a study was carried out in which wireless energy transfer is performed using energy transmission lines for UAV battery charging. In [16] , a GA is proposed to solve the local minimum problem for UAV route planning. For solving the problem, the simulated annealing (SA) metropolis acceptance criteria algorithm is integrated into the GA. In [17] , a parallelized ant colony optimization algorithm is proposed for optimal route calculation of the UAV. In [5] , there is an optimal route solution using a cost function heuristic SA method that includes energy consumption information of the UAV for practical application. Additionally, the focus of [18] is the optimization of the distribution route of a truck carrying packages and a UAV using this truck as a base. First, power consumption and integer linear programming models are developed, and then the k-means algorithm is used to group customers to whom the packages will be delivered and to calculate the optimal waiting position for the truck. The route to be followed by the UAV within each set of customers is calculated by the ant colony optimization (ACO) algorithm and the nearest neighbor algorithm. However, studies in the literature do not seem to solve the problem of energy use and transmission in an autonomous team structure [19, 20] .
In this paper, an unmanned vehicle team's control algorithm and hardware are developed, in which the UAV is charged by the UGV and the optimal route is determined by the UGV and reported to the UAV. While the solutions in the literature seek solutions for the majority of the single unmanned vehicles, the solutions sought for a team configuration are mostly about accounting for individual discrepancies. These solutions are mostly aimed at increasing the range of the UAV or establishing an effective route to achieve minimum energy consumption. Generally, wired or wireless energy transmission implementations are done with stationary pads or platforms. Furthermore, it is observed that human-controlled ground stations are used due to the inadequacy of the calculation ability of UAVs in route calculations. In the proposed system, an integrated solution for removing the mutual constraints of UAVs and UGVs has been developed for the cooperative unmanned vehicle team. In the proposed system, the UAV and the UGV are designed as a team and a highly efficient wireless power transfer (WPT) system integrated into the UGV for energy transmission is designed. This reduces the time lost during charging and increases operational capabilities. Furthermore, the kinematic and dynamic model of the UAV is obtained and the route is determined according to the total flight time and energy consumption before the flight in the UGV with high data processing speed. Thus, the long computation time problem of SA, the metaheuristic method used in the route determination of UAVs, is solved [7, 17] . 
Cooperative unmanned vehicle team system design approach and solutions
The unique features of the cooperative unmanned team, developed due to the need for an original and collaborative approach, are tactical movements and useful load carrying, and the ability to recognize the environment at the highest level. Maneuverability has particularly become more of an issue with the tasking field of autonomous ground vehicles. Maneuverability, which depends on x-, y-, and z-axis actions and drive type (direct, geared, etc.), specifies the application field of these UGVs. The omni-wheel type (multiaxis) distinguishes itself for special usage areas (aerospace, military, developmental platforms, etc.). These wheels (Mecanum, omnidirectional, cylindrical, etc.) with their special structures move 0
• -360
• rapidly and accurately. Mecanum wheels, a members of the omni-wheels family, are typically used in space technologies and industrial transport and technology. Mecanum wheels consist of a series of miniature rollers attached to their circumference. Each of these rollers typically has an axis of rotation at 45
• to a line through the center of the roller parallel to the axis of rotation of the wheel. Also, Mecanum wheels present a solution for tight area operations. The hardware architecture and the components used to ensure hardware-intensive processes are maintained by the UGV and the maneuverability-intensive processes are maintained by the UAV as shown in Figure 1 . 
UAV dynamic modeling and flight simulation results on UGV's embedded system
The mathematical model of the UAV has to be obtained in order to simulate the energy consumption sensitively and to calculate the duration of the high-precision battery usage before the flight parameters and the energy consumption model are matched to the target route. Thus, taking into account the technical details of the components of the UAV and incorporating the useful loads into the preflight model allows the estimation of the energy consumption to be performed with higher accuracy. In the proposed cooperative team structure, as the UAV type, a four-rotor and rotary wing structure is used [20] , which is easy to manufacture and control and has widespread use (farming, delivery, search and rescue, etc.). The weight of the developed 480 mm frame UAV with useful load (Point Gray's Chameleon 3 Camera, etc.) is 2750 g. The UAV is driven by an electric power train consisting of a 5000 mAh lithium polymer (LiPo) battery, a six-step three-phase inverter with a rated output current of 40 A, and a 12 V SkyRC brushless DC motor. The UAV is equipped with a direct drive propeller, which is 239 mm in length and made out of carbon fiber material. The autonomous flight simulation of the UAV, a structure with three translational and three rotational degrees of freedom, is based on the control of four brushless DC motors separately. Therefore, it is necessary to analyze the forces acting on the UAV to obtain the necessary speed requirement information. As is known, in a four-rotor UAV structure, each brushless DC motor rotates in the opposite direction of its own force and the torque generated by the motors opposes the rotation direction. Figure 2 shows the forces acting on the UAV and Euler angles. In the UAV frame display in Figure 2 , the thrust and torque expressions in terms of angular velocities are given in Eqs. (1)- (4). In Eqs.
(1)- (4), T 1 represents the thrust and T 2 , T 3 , and T 4 represent the moment about x, y, and z axes, respectively.
Here, C t , C q , ρ , r , ω , and A are the thrust coefficient, drag coefficient, density of the fluid, blade diameter of the UAV, angular velocity of the BLDC motor shaft, and area of the spinning propeller, respectively. The pitch moment, T 3 , in Eq. (3) is given by the force difference generated by BLDC motors 1 and 3; the roll moment, (2) is given by the force difference generated by BLDC motors 2 and 4; and the yaw moment, T 1 , in Eq. (1) is given by the vector sum of moments generated by all four BLDC motors. The main thrust, T 4 , is given by the sum of torques generated by all four motors. It is seen that T 4 varies depending on the drag force acting on the propeller along the z-axis. Additionally, the position of the UAV in the inertial frame is specified as x, y, z and the orientation is specified as ϕ , θ , φ Euler angles, which is calculated in Eqs. (5)- (7), of the body axis system with respect to an inertial system [18] . ϕ represents the roll angle about the x-axis, θ the pitch angle about the y-axis, and φ the yaw angle about the z-axis. The acceleration of the body frame is shown in Eqs. (8)- (10).φ
Here, g , m, v , and F w are the gravity constant, mass of the UAV, linear velocity of the UAV, and wind force, respectively. I x , I y , and I z are the mass moments of inertia in the x, y, and z axes, respectively; J r is the rotor inertia; and ω i is the angular velocity of the any rotor. Using Eqs. (1)- (10), hover power and thrust power are calculated by taking the ideal flight speed as a reference for modeling the energy consumption in autonomous flight simulation with the UAV control algorithm, which is presented in Figure 3 . In Figure 3 , u roll , u pitch , and u yaw are the control signals;p ,q , andr are the estimated angular rates;p x andp y are the estimated positions; andv x andv y are the estimated velocities. Lifting force along the z-axis and rotational moment along the x, y, and z axes are used as system inputs in the simulation. In Eq. (11), hover power consumption, P h , is presented [6] . Also, in Eq. (12), thrust required for take-off, T T ake−of f , is calculated as the sum of the thrust to overcome weight, inertia, and drag. In Eq. (13), for constant speed vertical climb thrust, T V ert−climb , the calculation approach is presented. In the power consumption model, P t is calculated with climbing, deceleration, hovering, acceleration, and straight flight. In Eq. (14), total consumed power equation is given.
Here, the following are given: number of the rotor, n ; z-axis acceleration, a z ; climbing power consumption, P climb , from UGV to maximum altitude, h a ; landing power consumption, P landing , from maximum altitude to UGV; hovering power consumption, P hovering , at any surveillance point, p x ; accelerating power, P acc , from x 1 to x 2 ; and decelerating power, P decel , from x 3 to x 4 . 
Wireless power transfer system design approach
The wireless and rapid charging of the UAV from a mobile UGV instead of a central ground station removes the time loss resulting from preparing for the flight or stopping by/returning to the way stations. The recent increase in the number of applications, especially in small power systems, and the provision of improvements in systems requiring high power transfer such as electric vehicles, increase the motivation for the use of WPT in cooperative unmanned vehicle teams [21] .
In the proposed team structure, a structure based on the resonant induction power transmission principle is preferred for the WPT, considering the advantages it has for structure medium power transfer [22, 23] . The structure of the proposed WPT system and the UGV-UAV energy transfer power electronic circuit design and control approach are shown in Figure 4a . WPT uses the full-bridge Class-D resonant inverter to achieve higher power and efficiency. In order to achieve a more efficient WPT with a lower input power/output power ratio, the primary coil of the secondary coil and the secondary coil of the secondary coil must be strongly coupled. For this reason, in order to prevent possible UAV-UGV landing pad misalignments, a linear motor controlled landing ramp and a landing electromagnet assisted locking mechanical system are developed. Even at 30-40 mm distance, high efficiency and power WPT implementation is at the top of the system's design criteria. Another design criterion is that the internal resistance of the LiPo battery and its components play an important role in maximizing the output power. For these reasons, common inductance, coupling factor, and resonant frequency must be calculated according to the requested power output in the design process. As is known, in WPT system, the coupling factor is very low because the magnetic flux paths in the WPT systems travel a long way in the air. This situation increases the leakage inductance and hence the total impedance value and reduces the current. For this reason, the amount of energy to be transferred between coils is directly related to the magnitude of the common inductance between the coils. The other parameter affecting the higher efficiency is the quality factor (Q) [24] . However, in that case, Q also increases the capacity voltage. The coupling coefficient, k , and resonant frequency, f r , can be calculated as in Eq. (15) and Eq. (16) .
, and f r are mutual inductance, primary side coil inductance, primary side coil capacitor, secondary side coil inductance, secondary side coil capacitor, coupling coefficient, and resonant frequency, respectively. Resonant frequency varies with mutual inductance and thus how primary and secondary windings on the UAV-UGV are located during placement. The internal resistance of the primary and secondary coils is calculated for maximum power transmission and efficiency, taking into account the LiPo battery and other internal resistances as well as load characteristics [25] . Output power, P , and total efficiency, η , are given in Eq. (17) and Eq. (18) .
Here, R l , i p , r p , and r s represent LiPo battery internal resistance, primary coil current, primary coil resistance, and secondary coil resistance, respectively. The parameters of the WPT system are presented in the Appendix in Table 1 as a result of calculations made in accordance with the stated criteria. The WPT system power electronic circuit (PEC) and MOSFET driver board are designed and manufactured, which is shown in 4b, using the Altium Designer. The WPT circuit consists of a MOSFET driver board, primary inductance and capacitor connection, a power electronic circuit, and an eZdsp (TMS320F28335) control board, and the primary side coil and secondary side coil currents are measured by the LEM LA25NP current sensor. The TMS320F28335 is the floating-point digital signal processor that operates at up to 150 MHz and offers 512 KB of on-chip flash memory. In the proposed system, power electronic components, direct drive PMDC motors, two encoders, and the WPT charger circuit are controlled by the TMS320F28335. Also, the eCAP module detects the zero crossing point in the WPT circuit. Additionally, it has two CAN communication ports, which are used as the internal communication protocol in UGV. 
Optimal route planning based on simulated annealing method
This section presents a path planning algorithm to find flight paths to allow UAVs to inspect numerous point of interest placed over a region. The flight time is limited not only because of limited battery power but also because of stopping by the way points in the wrong order instead of minimizing the path taken. The UAV and UGV are moving on different routes and at one of the randomly encountered intermediate points the UAV can land on the UGV to extend the route. New way points are defined according to the charging time and capacity and a new optimal route is calculated and assigned to the UAV. To solve this problem in the cooperative structure, a route optimization algorithm has been developed considering the preflight simulation and battery SoC for optimal flight time and reaching maximum observation points. The vehicle route problem generally requires a solution in which some tactical and dynamic constraints are taken into account in order for the UAV to fully reach the m targets identified by the user and the cost is minimized [26] [27] [28] [29] . Although the solution of the UAV route planning problem is similar to the traveling salesman problem, the simulated annealing optimization method is used in the proposed algorithm because it gives good results in practical applications [17] . When compared to the other methods, SA's most important advantage is its ability to get rid of local minima [7] . The basic principle of the SA algorithm is to accept worse solutions than the current solution with a certain probability to get rid of local points in the search space. This probability is calculated by the difference between the values and the temperature value, and the probability of accepting bad solutions is reduced during the search. Considering the user-defined way points of the UAV, a random initial solution, V i , is assigned as the best solution in the SA algorithm for the most optimal route. The initial temperature value and the current temperature value are assigned as T i and T , respectively. A random neighboring solution is created from the best solution, and if the difference between the initial solution and the neighboring solution ( V 2 -V 1 ) is less than zero, the neighboring solution is assigned in place of the old solution. Additionally, V 2 is worse than V 1 , but the condition of Eq. (19) is satisfied at the current temperature T , and the assignment is carried out regardless. When the stopping criterion is satisfied, again the new solution is replaced with the old solution. The initial temperature, cooling factor, and iteration number for the process are given in Table 1 of the Appendix.
The algorithm used in the experimental studies is shown in Figure 5 . In the proposed algorithm, multiple way point selection by the user is reported to the UGV. Using the simulation described in Section 2.1, the total required power, which is for autonomous flight condition, is calculated and the battery SoC is checked in order to determine sufficient energy for the requested route. Then the main control station is informed about the time required to charge with the WPT for the requested route under unfeasible energy condition. If the charging time is not enough, the optimum solution for the route is calculated with SA and a feasible route is obtained. Thus, the autonomous flight is carried out according to this principle, which is shown in Figure 6 . Figure 7a and Figure 7b show the actual implementation of the block diagram shown in Figure 1 . During the experimental studies, the overall experiments of the system, for which the design and test results are given step-by-step in Sections 2.1, 2.2, and 2.3, are performed. To validate the proposed method, it takes off from an area where a set of way points are chosen around the Okan University campus with full charge and returns to the UGV after completing its mission for desired way points with optimized battery usage using the SA algorithm as described in Section 2.3, at 160 m altitude. The distance between the desired way points for the UAV that departed from the UGV during flight is given in Table 2 of the Appendix. Figure 8a shows the altitude change of the UAV during flight and the estimated power consumption is shown in Figure 8b . The mean wind speed value of the mission area is taken as the wind speed during modeling. In preflight simulations, the disturbance caused by vibration is neglected. Figure 8c shows the optimum flight speed required for maximum range and a detailed total energy consumption estimation diagram is presented in Figure 8d . The estimated flight range is 2540 m when LiPo battery capacity, power consumption, and maximum flight distance are taken into account equally. This distance is the total flight distance; therefore, the departure and landing displacement is assumed to be 0 m. When fully charged to 5000 mAh, the power consumption is 53.9 Wh. The required maximum energy consumption according to the change of altitude at take-off and landing is 11.9 Wh. Figure 9 shows the steady-state voltage, current waveforms, and the system's efficiency curve recorded during the UAV's wireless charging on the UGV. Figure 9a shows the steady-state voltage and current waveforms of the primary coil for 25 W; Figure 9b shows the steady-state voltage and current waveforms of the secondary coil for 25 W; Figure 9c shows the steady-state voltage and current waveforms of the primary coil for 65 W; Figure 9d shows the steady-state voltage and current waveforms of the secondary coil for 65 W; and Figure according to the distance between the way points in Table 2 of the Appendix is calculated as 2201 m to visit all nine different way points requested by the user. It is expected to reach the 17 km/h flight speed on the optimal range, which is the main target of the flight to be realized with a fully charged battery. Considering these inputs, Figure 10a shows the evolution of the optimal distance by 621 iterations of running the SA algorithm. By actually flying area with the UAV, the flight time to cover takes 457 s and measured energy consumed is 51.2 Wh. It is seen that 11.3 Wh of power is consumed during take-off and landing. Figure 10b shows the total distance covered and the estimated distance. Figure 11 shows the ten separate points marked in the cooperative team's main station. Following the route indicated by the purple line starting from point P0, the UAV completed the reconnaissance mission and returned to the landing platform on the UGV. The distance calculated using the SA algorithm and the traveled/estimated distance ratio according to the way point ordering is measured as 95%. Figure 10b shows distance traveled and the optimal route followed according to the way point ordering. These results show that the estimated values are close highly to the actual values with error on the flight time estimated as 3%. In this study, the SA algorithm used for the energy-efficient routing algorithm was compared to the ACO algorithm, which is a swarm-based heuristic algorithm. The ACO algorithm has been developed as a kind of intelligence optimization algorithm by examining ant behavior that has the ability to find the shortest path from food sources to the nests [17, 18] . The solution performance and running time of SA depend on the number of nodes. With fewer than 20 nodes, SA has many more advantages in terms of running time than other algorithms, but in cases where there are more than 20 nodes, the running time may increase. In single solution-based algorithms such as SA, convergence delay may also occur. Hence, to provide a better solution, the selection of termination criteria is quite critical. Also, one of the most important factors affecting the running of the SA algorithm is the cooling schedule parameters. The speed of the cooling schedule directly affects the quality of the solution; thus, it can be said that there is a relationship between them. If the cooling schedule speed is chosen as slow, it means that there will be small minor reductions in temperature. In a comparison with 10 nodes, SA gets a shorter path than ACO, which is presented in Figure 12b . Therefore, it produces a better result in terms of performance quality than ACO. However, the number of nodes increases and the performance of this approach is decreasing compared to the performance of other algorithms, and SA fails. As a result of the studies carried out, simple implementation and robustness properties are prominent. For this reason, SA has been used in this study. However, if the way points are not defined by the user, ACO could be preferred because of the advantage of adaptation to changes such as new distances. Taking into account the operation time, SA spends 0.7 s and ACO 6.8 s for 621 iterations, which is presented in Figure 12a . In addition, when considering the convergence time, SA spends 0.6 s and ACO 2.3 s. As a result, for low node optimization problems based on foreseen reliability criteria, the SA algorithm can be applied. Besides, ACO spends more time on convergence because the space to be searched for a solution is larger [7] . In the other scenario, shown in Figure 13a , the vehicle has performed autonomous driving as shown in Figure 13b . The vehicle is landed at the point indicated as the charging point instead of the starting point. In the third scenario, which is shown in Figure 14a , the UGV is driving on the assigned route shown in Figure 14b . The UAV has performed a landing at the point, PC, to be charged. Points P10 and P11 are assigned as new surveillance points according to the additional range obtained after charging. Thus, the flight time of the UAV is increased due to the autonomous driving ability of the UGV. After the charge at point PC, a new task route has been achieved and results are shown in Figure 14a . For this reason, the UAV has landed at PD, which is the destination of the UGV, instead of P0. 
Experimental verification

Experimental results
Conclusion
In this article, an algorithm based on the optimal energy usage and transfer principle of an cooperative unmanned vehicle team has been developed and verified in practice by the experimental results. While UGVs and UAVs are advantageous in their respective fields of use, they compensate for each other's deficiencies in combined use and increase their operational competence. In the proposed unmanned system, the UAV's superior mobility over the UGV's poorer performance is preferred while an optimal route for the selected way points is calculated by the user using the SA algorithm with the multicore embedded system on the UGV. Preflight simulation for the specified route has been carried out to determine the energy requirement and optimal flight parameters and to supply the required energy with the designed wireless power transfer system. Thus, the time lost during charging in wired or stationary stations is reduced and operational capabilities are improved. The implementation details and the proof-of-concept design show that the algorithm is suitable for use in the example mission. 
